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Abstract—Recent advancements in 3D reconstruction tech-
nologies have paved the way for high-quality and real-time
rendering of complex 3D scenes. Despite these achievements, a
notable challenge persists: it is difficult to precisely reconstruct
specific objects from large scenes. Current scene reconstruc-
tion techniques frequently result in the loss of object detail
textures and are unable to reconstruct object portions that
are occluded or unseen in views. To address this challenge,
we delve into the meticulous 3D reconstruction of specific
objects within large scenes and propose a framework termed
OMEGAS: Object Mesh Extraction from Large Scenes Guided
by GAussian Segmentation. Specifically, we propose a novel 3D
target segmentation technique based on 2D Gaussian Splatting,
which segments 3D consistent target masks in multi-view scene
images and generates a preliminary target model. Moreover,
to reconstruct the unseen portions of the target, we propose
a novel target replenishment technique driven by large-scale
generative diffusion priors. We demonstrate that our method
can accurately reconstruct specific targets from large scenes,
both quantitatively and qualitatively. Our experiments show
that OMEGAS significantly outperforms existing reconstruction
methods across various scenarios.

Index Terms—3D reconstruction, Object segmentation, Diffu-
sion models, Mesh generation.

I. INTRODUCTION

ECENT years, the field of 3D reconstruction has

emerged as a pivotal area of research, driven by its
profound applications across a diverse range of disciplines, in-
cluding robotics [1], architectural design [2], virtual reality [3],
and so on. The community has successfully achieved high-
quality, real-time reconstruction and rendering of complex 3D
scenes, largely due to the advancement of 3D rendering-based
models [4]-[9].

Recently, state-of-the-art methods have not only achieved
highly accurate 3D reconstruction of entire scenes but have
also begun exploring 3D consistent scene segmentation. SPIn-
NeRF [10] introduces a method for segmenting specific objects
within NeRF and achieving 3D-consistent inpainting across
views. Building on this, Gaussian Grouping [11] extends the
object-centric concept to 3D Gaussian Splatting [7], enabling
unified reconstruction, segmentation, and versatile editing in
open-world 3D scenes.
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Fig. 1: OMEGAS segments and generates high-quality meshes
for specified objects in open-world scenes (top). OMEGAS
can effectively reconstruct the unseen portion of the target
(bottom).

However, existing methods struggle to reconstruct a spe-
cific target object’s 3D mesh in high-quality given scene
images, which is somehow more solid and straightforward
in downstream applications like virtual game modeling. This
challenge is particularly evident in two key aspects. First, the
reconstruction of entire scenes often leads to a compromise in
the quality of specific object reconstruction. Besides, certain
parts of a specific object in a scene are frequently occluded
or invisible from any perspective, making their reconstruction
challenging with current methods, as illustrated in Figure 1
bottom.

In this paper, we propose a novel and effective framework
that reconstructs the 3D mesh of the target object given multi-
view open-world scene images, termed OMEGAS: Object
Mesh Extraction from Large Scenes Guided by GAussian
Segmentation. As shown in Figure 1 top, given the multi-view
scene images, our framework can freely select and segment the
target object from images and extract the complete 3D object
mesh.

Specifically, we propose a novel 3D target segmentation
technique based on 2D Gaussian Splatting (2DGS) [12].
Inspired by Gaussian Grouping [11], we first utilize the
SAM [13] to provide initial target segmentation masks in
multi-view scenes. Then, we input the masks along with the
scene images into a 2DGS model and introduce a unique
compact identity vector as a supervisory signal, enabling 3D
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Fig. 2: The framework of OMEGAS. OMEGAS comprises two stages: Target Gaussian Segmentation to segment target
2DGS model from multi-view images and provide accurate 3D consistent masks; Target Replenishment to optimize the target
model by personalized Stable Diffusion with a Mask-generation & Inpainting process. The final object mesh is extracted from

the optimized target Gaussian model.

segmentation within the 2DGS space. By leveraging the 3D
consistency of the 2DGS model, we can iteratively optimize
the segmentation results of the target within the scene, ulti-
mately obtaining precise 2D segmentation results along with
an initial 3D model of the target.

Subsequently, to address the occluded portions of the target
that cannot be directly reconstructed, we leverage large-scale,
open-world generative priors such as Stable Diffusion [14].
Specifically, we segment the target from the original per-
spective and then use these target-only images to personalize
Stable Diffusion. This approach allows for the concentration
of knowledge on the specific target. Our goal is to utilize the
customized Stable Diffusion to assist inpainting the incomplete
faces of the target Gaussian model. In this process, we propose
a novel mask generation technique based on the diffusion
denoising process to mark the under-constructed portions of
the novel-view rendered images. Ultimately, we further train
the 2DGS model with additional inpainted view images to
obtain the final, fully completed target mesh.

Extensive experiments demonstrate the superior perfor-
mance of our framework, capable of reconstructing the target
object mesh with high precision.

In summary, our contributions are:

« We propose OMEGAS, an effective framework to extract
meshes of specified objects through multi-view 2D im-
ages in open-world scenes.

« We propose a novel 3D target segmentation technique
based on 2D Gaussian Splatting to extract the target
3D model from multi-view scene images and create 3D-
consistent target masks. Furthermore, we introduce a
novel target replenishment technique by leveraging large-

scale generative diffusion priors to adaptively optimize
the unseen portions of the target.

« Extensive experiments reveal that OMEGAS operates
effectively in a range of open-world scenes and signif-
icantly surpasses the existing approach in performance.
Specifically, our approach shows superiority in both tex-
ture details and occlusion robustness on target object
reconstruction.

II. RELATED WORK

In this section, we first review several methods for the seg-
mentation of rendering-based 3D models, then briefly review
the existing methods for mesh extraction from images. Finally,
we review some approaches to 3D reconstruction from partial
views.

A. Segmentation of Rendering-based 3D Models

Due to the intrinsic implicit nature of the rendering-based
model, it’s hard to do normal data-driven training for se-
mantic segmentation like explicit 3D models (e.g., 3D point-
cloud segmentation [15]-[23] ). To address this issue, SPIn-
NeRF [10] first proposes a method that segments specific
objects in NeRF and achieves inpainting in different views
with 3D consistency. Recently, 3D Gaussian Splatting estab-
lished its effectiveness in the reconstruction task exhibiting
high inference speeds and remarkable quality. Following SPIn-
NeRF, Gaussian Grouping [11] extends the object-oriented
concept from SPIn-NeRF to 3D Gaussian Splatting, enabling
the joint reconstruction and segmentation of anything in open-
world 3D scenes and various 3D editing tasks.
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Fig. 3: Mask generation process. We estimate the noise using
a personalized diffusion model and calculate the noise resid-
ual. Then, we rescale the results and apply a threshold for
binarization to determine which parts of the image need to be
changed.

B. Mesh Extraction from Images

In the early days, the development of Structure-from-motion
(SfM) [24]-[26], Multi-View Stereo (MVS) [27]-[29] and
other methods [30]-[34] allows for 3D reconstruction from
multi-view images. More recently, owing to the development
of neural network-based 3D reconstruction method [4], [7],
various approaches have explored integrating rendering-based
models with mesh reconstruction [35]-[39]. For example,
some works optimize neural signed distance functions (SDF)
by training neural radiance fields (NeRF) in which the density
is derived as a differentiable transformation of the SDF [37],
[38]. A triangle mesh can finally be reconstructed from the
SDF by applying the Marching Cubes algorithm [40]. No-
tably, SuGaR [41] introduced the pioneering method for high-
precision scene mesh reconstruction from a 3DGS model.
In contrast, our frameworks focus on specific target mesh
reconstruction from scenes.

C. 3D Reconstruction from Partial Views

Vanilla methods like NeRF [4] or 3DGS [11] struggle
in reconstruction under partial-view settings. Some research
efforts focused on incorporating auxiliary priors, such as depth
maps [42], [43], information theory [44], symmetry [45],
and continuity [46] to infer missing information. However,
these approaches tend to be either too simplistic or overly
specialized for certain scenes, resulting in poor generalization.

The recent progress in text-to-image diffusion models [14]
and their tailored applications [47], [48] in the 3D field
make it possible for reasonable novel-view synthesis, paving
the way for impactful applications such as single-view 3D
asserts generation (image-to-3d) [49], [50] and sparse recon-
struction [51]-[53]. However, existing sparse reconstruction
methods are designed for scenarios where camera views
are sparsely distributed across a 360 range. In contrast, our
approach aims to reconstruct partially occluded targets by
focusing on cases where views are densely clustered within the
visible range of the target, while the occluded views remain
entirely absent.

III. METHOD

Our framework aims to reconstruct the precise mesh of
the target object from multi-view scene images. It comprises

two main components: Target Gaussian Segmentation (TGS)
to segment the 3D target from multi-view scene images and
Target Replenishment (TR) to optimize the target by large-
scale diffusion priors, as illustrated in Figure 2.

The rest of this section is organized as follows: in section
Preliminaries, we introduce some basic concepts involved in
this section, including 2D Gaussian Splatting [12] and the
generative priors. In section Target Gaussian Segmention, we
introduce the technique that segments the initial 3D target
from multi-view images by 2D Gaussian Splatting. In section
Target Replenishment, we introduce the process that adaptively
optimizes the target model by diffusion priors.

A. Preliminaries

2D Gaussian Splatting (2DGS) [12]. Due to the multi-
view inconsistent nature of 3D Gaussians, 3D Gaussian Splat-
ting (3DGS) fails to accurately represent surfaces. Thus, [12]
proposed 2D Gaussian Splatting, which collapses the 3D
volume into a set of 2D oriented planar Gaussian disks and
provides view-consistent geometry while modeling surfaces
intrinsically. Specifically, a 2D Gaussian is defined in a local
tangent plane in world space, which is parameterized:

P(u,v) = pr + sutyu + spt,v =H (u,v, 1, l)T (D

Suty  suty, 0 Pi _ RS psx )
0 0 0O 1| |0 1

where a 2D Gaussian plane P(u,v) is defined by its central
point py, principal tangential vectors ¢,, and t,,, scaling vectors
sy and s,. H € 4 x 4 is the homogeneous transformation
matrix representing the geometry of the 2D Gaussian. For
the point u = (u,v) in uv space, its 2D Gaussian value is
evaluated by standard Gaussian:

2 2
O )

where H =

The center pg, scaling (s, S,), and the rotation (t,,t,) are
learnable parameters. Our framework harnesses the 2DGS
model as the target reconstruction carrier due to its meticulous
object reconstruction capabilities.

Text-to-Image Generative Priors & Personalization. In
the past few years, with the advent of diffusion-based gen-
erative techniques, the community has developed numerous
mature open-world large-scale generative models, e.g., Stable
Diffusion [14]. Technically, given input image x € R#*Wx3,
an encoder of variational auto-encoder (VAE) £ converts it
into a latent representation zy € R wxe where image is
downsampled by a factor f and channels are increased to c.
Then a text-conditioned UNet ¢y in latent space is used to
predict the noise of each timestamp ¢ from z; and prompt y to
recover zg, where 6 is the param of UNet. After the denoising
process, VAE’s decoder D transforms zp to image space to
generate the image.

The personalization of diffusion priors [54], [55] is a tech-
nique that concentrates prior knowledge on a specific object
by transforming or fine-tuning UNet parameters 6§ into a form
specific to the given few object images, represented as eg«.
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Fig. 4: Results of meshes with OMEGAS on the Instruct-NeRF2NeRF dataset(line 1), Tanks&Temples dataset(line 2), LERF
dataset(line 3,4,5), Mip-NeRF360 dataset(line 6) and 3D-OVS dataset(line 7). The scenes we selected for validation are complex
in both indoor and outdoor settings and contain a large number of objects rather than just a single target. We also show the
result of getting multiple objects located in a large scene(line 3,4,7).

B. Target Gaussian Segmentation (TGS)

As depicted in the left part of Figure 2, we begin by
introducing a novel technique known as Target Gaussian Seg-
mentation. This method segments 3D-consistent target masks
from multi-view images and extracts a preliminary 2DGS
model of the target. The process is as follows.

Scene Segmentation by SAM. We first conduct prelimi-
nary target consistency segmentation on scene images from
different views based on SAM'’s capabilities in open-world
segmentation for intricate scenes. Specifically, following the
approach in [11], we treat the scene images from divergent
views as a continuous video sequence and input them into
SAM for initial segmentation. Next, by applying a zero-shot
tracker [56] to these segmentation results, we obtain unique

object IDs ranging from 0 to 255. The segmented outcomes
are preserved as gray-scale images, with each object’s ID
represented in corresponding gray-scale values.

Target 2DGS Reconstruction & 3D Consistent Segmenta-
tion. We leverage the gray-scale images to guide the segmen-
tation of 2DGS. We treat the gray scale as attributes similar to
RGB colors for training 2D Gaussians. Similar to representing
Gaussian colors using spherical harmonics coefficients, we
add identity vectors to 2D Gaussians following [10], [11]. To
reduce the memory usage and training time, we set the identity
vectors as length 8, encoding segmentation labels ranging from
0 to 255. When a 2D Gaussian is observed from a slanted
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Fig. 5: Comparing mesh extracting results with SuGaR, 2D Gaussian Splatting and DreamGaussain. The scenes are selected
from LERF, Instruct-NeRF2NeRF and Mip-NeRF360 datasets. Both SuGaR, 2DGS, and our approach use multi-view images

as input, while DreamGaussian relies on a single-view image.

views, the object-space low-pass filter is utilized:

G = max { Glu(x), G4

g

“4)
where c is the projection of center py.
By conducting differentiable rendering of identity vectors,

similar to rendering colors, by blending N ordered Gaussians
on overlapping pixels, we can calculate the identity vectors O

of pixels:
0(x) = " 0s0lGi(u(x)) [[(1 - oG (u(x) )
1EN j=1

where o; represents the identity vector of each Gaussian,
and o} is given by evaluating the opacity of 2D Gaussians
multiplied by the opacity of each point. Unlike colors, the
identity vectors of the same object does not change with
different viewpoints, so we set the SH degree to 0, reduc-
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ing computational complexity. Since the identity vectors are
obtained through rendering, they differ from the IDs generated
by SAM and exhibit 3D consistency, ensuring greater stability
across varying perspectives.
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Fig. 6: Visualization of target gaussian segmentation on LERF-
MASK dataset [11] and 3D-OVS dataset [57]

Segment Loss. Next, we use the 3D consistency of 2DGS to
optimize the consistency of segmentation results on the scene
images. The L1 loss and SSIM loss in the original 2DGS
would lead to the inability to fit object labels. To address
this issue, we introduce classification loss and 3D cosine
similarity loss. Specifically: 1) for classification loss, we input
the rendered identity vectors O into a linear layerf followed
by a softmax operation:

F(O) = softmax(f(O)) (6)

Then we use the standard cross-entropy loss L, for classi-
fication; 2) For the 3D cosine similarity loss, we sample m 2D
Gaussians, ensuring that the cosine similarity of the identity
features I, from the n nearest 2D Gaussians is closely aligned:

I &~ F(o;)- F(o;
Ler = o 2 2 (o HIIF )>||
j=11:=1
Making similar identity vectors closer can improve the 3D
consistency of segmentation, thus enhancing segmentation
accuracy. Following 2D Gaussian Splatting, we construct the
2D Gaussian loss function L4, using RGB, depth, and normal:

Ld = ZinJj|Zi — Zj‘ (7)

where w; = a; G;(u(x)) [T;2; (1—a; G;(u(x))) is the blend-
ing weight of the ¢—th intersection and z; represents the depth
of the intersection points. When calculating depth, unlike the
2D Gaussian Splatting [12] which defaults to using the average
depth, we utilize the proposed median depth as the largest
visible depth, considering 7; = 0.5 as the pivot for surface
and free space:

Zmedian = max{z;|T; > 0.5} 8)

Subsequently, we align the normals of the splats with the
gradients of the depth maps as follows:

L, =Y wi(l-n]N) 9)

where ¢ indexes the intersected splats along the ray, w denotes
the blending weight of the intersection point, n; represents
the normal of the splat facing the camera, and IV s the normal
estimated from the gradient of the depth map. Specifically, N
is computed using finite differences from nearby depth points

as follows:
Vaps X VyDs

N(z,y) = ——="— (10)
( ) |vae X vype‘
The 2D Gaussian loss function L, is as follows:
Lys =L+ aLq+ BLy, (11)

where L. is an RGB reconstruction loss combining L; with
the D-SSIM term from [7], while Ly and L,, are regularization
terms.

The total loss function is the weighted sum of the segmen-
tation loss function and the 2D Gaussian loss function L:

L= Lgs + AoeLoe + AcsLes (12)

When SAM produces masks with incorrect shape or identity
encoding, TGS can learn unique identity encodings through
cross-entropy loss and 3D cosine similarity loss.

Target Extraction. After training the 2DGS model to con-
vergence, we extract the target model using its object ID.
For extraction, we adopt Grounding DINO [58] and SAM
[59] to segment a scene image, obtaining a mask corre-
sponding to the text prompt. We select the IDs within the
mask area that exceed a threshold of p;; as the IDs for the
corresponding objects. Subsequently, we utilize a classifier
to obtain the category probabilities for each Gaussian. We
then select the Gaussians that have a probability greater than
Der for belonging to this ID, as well as the Gaussians that
are encompassed within its convex hull, for extraction and
preservation. As mentioned in implementation details of our
paper, the threshold p., for extracting Gaussians is set to
0.95. Meanwhile, the threshold p;q for extraction is 0.5. By
rendering this model back into the original views, we obtain
precise 3D-consistent target masks.

C. Target Replenishment (TR)

As shown in the right section of Figure 2, after segmenting
the target objects, we extract the target 2DGS model and
obtain precise target masks in the view images. We then utilize
generative diffusion priors to adaptively replenish the unseen
portions and further refine the target model. In summary,
we render the unseen view of the target Gaussian model,
inpaint the areas that are not sufficiently reconstructed by
Stable Diffusion, and then feed the inpainted images for further
training.

Stable Diffusion Personalization. To focus the knowledge of
large-scale diffusion priors on a specific target, we employ a
personalization method to control Stable Diffusion. For each
object, we fine-tune a personalized diffusion model to optimize
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TABLE I: Comparison of segmentation on LERF-MASK dataset [11] and 3D-OVS dataset [57]. For segmentation results, we
followed standard practices from classic 3D scene segmentation methods [11], [60], computing the mIOU and mBIoU between
predicted segmentation masks and ground truth across multiple views. We also compared the average memory required for
training. The empirical evidence substantiates that our methodology yields superior outcomes in both quality and efficiency.

Model Mem figurines ramen teatime covered desk
GB | | mloUT mBIoUT time) | mloUT mBIoUT timel | mloUf mBIoUtT timel | mloUT mBIoUT timel
SAM 74.83 73.71 57.25 56.99 75.95 74.48 75.23 74.17
GaussianGrouping (7k) 21 86.08 84.08 Tm 70.34 58.03 Tm 75.98 71.91 7m 75.28 72.45 7m
Ours (7k) 10 86.21 84.09 6m 86.48 73.62 Sm 78.81 73.32 6m 80.74 77.98 5m
Ours (30k) 13 88.86 86.65 65m | 88.63 75.93 5Im | 79.41 73.37 64m | 81.48 79.29 55m
TABLE II: Prompt labels used during segmentation experi- .
ments on LERF-Mask dataset [11] and 3D-OVS dataset [57]. 2 = Vaiz + VI —a; e, €~N(0,T),

Scene Text queries
ramen chopsticks egg
pork belly yellow bowl
green apple green toy chair
figurines old camera porcelain hand
red toy chair  rubber duck with red hat
bag of cookies cookies on a plate
teatime sheep apple
paper napkin coffee mug
bear tea in a glass
covered desk teddy bear flower
shaver shampoo

the object. Specifically, we use the target Gaussian model to
render the masks of the target object, thereby obtaining target
images/ of the target object from the original views. Then we
input the target images into a personalization model P (e.g.,
DreamBooth [54]).

eg- = P(I,¢€) (13)

where €y is the UNet of original Stable Diffusion with param-
eter 0, and ey~ is the UNet of personalized SD.

Mask Generation & Inpainting. To determine the regions
that require repair, We then use the personalized SD to gener-
ate the poorly reconstructed mask of the novel-view rendering
of the target Gaussian model, as depicted in Figure 3. The
mask is identified as the differences between the complete
target object and the target object with holes. Specifically,
given a novel-view image x(, we encode it into latent space
by the VAE encoder £.

zZo = & (xo) (14)

For the novel view image xp, we render by randomly
generating n camera poses. For most datasets, we set n to
100. For objects with significant missing parts, we utilize
PyTorch3D [61] to render the object’s mesh. Compared to
using 2D gaussian of the object, we find that mesh rendering
reveals more pronounced gaps, resulting in more accurate
masks.

We then perturb z( by diffusion forward process with noise

where N(0,I) is a Gaussian Distribution, ¢ denotes the
timestep sampled from [0, 7], z; represents perturbed zo at
t, and @; is predefined noise scheduling coefficient.
By applying the personalized UNet €4~, we can get the noise
residual by:
Ne = eg« (21, y,t) — €,

where Ae is the latent noise residual, y represents the embed-
ded text prompt, which we set to empty based on experimental
results.

The final inpainting mask m is given by:

m = B o D(Ae),

where D is the VAE decoder, and B is the image binarization
operator.

Subsequently, the mask m and the novel-view image xg

are input into a standard Stable Diffusion inpainting model',
resulting in the final fixed image .
Mesh Extraction. By generating n novel-view images X =
{x} ?2—01 and applying the inpainting process, we obtain n
refined images X = {7}}7. These refined images are then
fed into the target 2DGS model for further training, addressing
deficiencies in the first stage.

Ultimately, following [12], to obtain meshes from the re-
constructed 2D splats, we generate depth maps of the training
views by projecting the splats’ depth values onto the pixels.
We then apply truncated signed distance fusion (TSDF) using
Open3D to merge the reconstructed depth maps.

IV. EXPERIMENT

In this section, we present our experimental settings and
extensive results with in-depth analysis. Firstly, we carry out
ablation studies for the proposed method on the DroneVe-
hicle dataset and then discuss the operations that affect the
performance of the proposed method. Finally, the mAP of
our method and the state-of-the-arts are reported, and the
visualization of the detection results is discussed.

A. Implementation Details

All experiments are performed and measured on a single
GPU NVIDIA RTX 3090 with Ubuntu 18.04 LTS.

'huggingface.co/stabilityai/stable-diffusion-2-inpainting
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TABLE III: Quantitative results of target mesh extraction on
the Tanks & Temples dataset [62], represented by F1 score
and time.

Scene SuGaR  DreamGaussian ~ 2DGS Ours
Truck 0.0741 0.0013 0.1421 | 0.1635
Ignatius 0.1392 0.0007 0.3423 | 0.4464
Caterpillar | 0.1827 0.0031 0.2100 | 0.2208
Mean 0.1320 0.0017 0.2315 | 0.2769
Time 1h 3m 16 m 20 m
Datasets. To evaluate the reconstruction quality, we tested

our OMEGAS on scenes presented in LERF-MASK dataset
[11] and Mip-NeRF360 dataset [5], where the flowers and
treehill are skipped due to the non-public access right. We also
take diverse 3D scene cases from LERF [63], Tanks&Temples
[62], 3D-OVS [57] and Instruct-NeRF2NeRF [64] for visual
comparison.

Model Details. In Target Gaussian Segmentation, we take
SAM-HQ model [59] for initial segmentation The confidence
threshold p., for extraction is 0.95. We use the Adam [65]
optimizer for both Gaussians and linear and train for max
30000 iterations with a learning rate of 0.0025 for identity
vectors and 0.0005 for linear layer. For 3D regularization loss,
we choose n = 5 and m = 1000. We start the densification
process from the 500th iteration, with a densification interval
set to 100. Specifically, we extend the densification process
until the 30000th iteration of training to continuously eliminate
erroneous gaussians generated by the normal vector loss. The
interval for resetting opacity is set to 3000. Every 5 iterations,
we use the sum of the segmentation loss and gaussian loss
as the loss function, while for the rest, we only use the 2D
gaussian loss. We employ principal component analysis as a
means to visualize the outcomes of the segmentation.

In Target Replenishment, we adopt Stable Diffusion 2.1
with the resolution 512x512. We take DreamBooth [54] as
our personalization model. When generating a mask, we fix
the timestep ¢ to 991 and sample 10 random seeds to obtain
an averaged mask result.

For mask generation, we apply erosion and dilation oper-
ations to the masks generated by stable diffusion to achieve
smoother mask edges, using a kernel size of 5x5. For future
training, unlike target gaussian segmentation, we enabled
depth loss and disabled segmentation loss, setting « to 1000.

For mesh extraction, we set the truncated threshold to 0.02
and the voxel size to 0.004 during TSDF fusion. For most
datasets, we set the depth truncation to 4.0.

The parameters of our method are consistent across datasets,
with only the prompts and mesh extraction parameters varying
for different objects. We use a fixed random seed (seed =
64) to ensure reproducibility and consistency across ablation
experiments. For comparative evaluations, we employ random
seeds to assess the robustness and generalizability of our
method.

B. Comparative Analysis

Target Mesh Extraction. To demonstrate the effectiveness
of our target mesh extraction method, we provide quali-
tative comparisons with the scene reconstruction approach
SuGaR [41] and 2DGS [12]. Since our method is the first
to tackle target reconstruction in a multi-view context, we are
limited to using the single-view method DreamGaussian [49]
as our other target reconstruction comparative baseline. The
results are presented in Figure 5, showcasing detailed qualita-
tive outcomes across various open-world scenarios, including
teatime, bear, and kitchen from the LERF [63], Instruct-
NeRF2NeRF [64] and Mip-NeRF360 [66] datasets. Both
SuGaR, 2DGS, and our approach use multi-view images as
input, while DreamGaussian relies on a single-view image.

Compared to SuGaR and 2DGS, our method achieves
superior detail across all three scenes. SuGaR and 2DGS’s
focus on the overall scene lead to a noticeable reduction in
the granularity of local details. In the bear scene, our method
demonstrates its capability to reconstruct unseen portions
in the input view. Meanwhile, the kitchen scene highlights
the precision of our approach in segmenting and extracting
complex objects. We believe that the poor performance of
SuGaR is due to the large scene size, as SuGaR attempts
to reconstruct the entire scene, leading to the loss of some
object details. Our method, on the other hand, reconstructs the
target object through segmentation, allowing for the use of a
higher number of meshes and shorter reconstruction time for a
single object under the same memory constraints. Additionally,
our method addresses the issue of holes caused by insufficient
input views, which SuGaR does not optimize for. Compared
to DreamGaussian, our method significantly enhances the
quality of the generated meshes. Although DreamGaussian
can generate the missing parts of the target object, it does
not perform 3D reconstruction based on input views, and
the diffusion model generates images with lower resolution,
resulting in poorer surface details.

We also conduct quantitative experiments in Table III on the
Tanks & Temples dataset [62]. Since our method focuses on
mesh extraction of target objects within a scene, we manually
removed other objects from the ground truth mesh to quantify
the accuracy of our approach. For methods that cannot isolate
the target object, we used the complete ground truth mesh to
ensure fairness. We employed the evaluation metrics provided
by the Tanks&Temples dataset [62], calculating precision and
recall to obtain the F1 score. Our method consistently achieves
superior results across all scenarios in the dataset compared
to other methods.

In Figure 4, we further demonstrate the mesh quality and
highlight our method’s effectiveness in extracting small objects
from complex scenes.

Scene Segmentation. To demonstrate the effectiveness of
our Gaussian Segmentation method, we conducted quanti-
tative scene segmentation experiments on the LERF-MASK
dataset [63]based on the LERF-Localization evaluation dataset
[63], using Gaussian Grouping [11], as shown in Table I. For
each 3D scene, we use 6 text queries with corresponding GT
mask label in average. Similar to the annotation used in LERF
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Mesh w/o TR

Full model

Fig. 7: Effect of the Target Replenishment (TR) Module. The first line shows the mesh generated solely using Target Gaussian
Segmentation. The second line displays the mesh produced by our complete model, including the Target Replenishment module.
The significant loss of information in the input views results in numerous missing parts in the mesh. However, experimental
results show that TR can fill in the missing parts while keeping the visible parts unchanged.

(a) Novel View Image

(b) Mask wio F ization () Mask w/ Per (d) Repaired Image

Fig. 8: Effect of personalization and inpainting. It shows the
mask w/ or w/o personalization of SD and the inpainting
results on the Tanks&Temples dataset and LERF dataset. The
mask created by the personalized Stable Diffusion model spans
a larger area and more precisely pinpoints the locations of the
holes, leading to a superior repaired image.

[63], for each of the 3 scenes, we choose 2-4 novel views
for testing and annotating the rendering of novel views. All
language prompts used for LERF-Mask dataset evaluation are
listed in Table II, which contains 18 prompts in total. Due
to VRAM limitations, we trained Gaussian Grouping for a
max of 7,000 iterations on a single NVIDIA RTX 3090 GPU.
Despite these constraints, our method achieved considerable
improvements under the same iteration settings, with lower
memory usage and reduced training time across three scenes.
When further training our method for 30,000 iterations, we
observed more performance gains.

We provide visualization on target gaussian segmentation in
Figure 6. We use four scenes from the LERF dataset [63] and
3D-OVS dataset [57], each scene being input with an object
prompt. Through Gaussian segmentation, we obtain the ID and

2DGS of the corresponding object. Our presentation encom-
passes the images rendered from each scene, the segmentation
outcomes derived from the utilization of Grounding DINO [58]
and SAM [59], along with the masks rendered from the 2D
gaussian of the extracted objects.

TABLE 1IV: Effect of Personalizing SD on the Tanks &
Temples dataset [62] and LERF-MASK dataset [11]. It shows
the accuracy of mask generated by personalized SD is higher
than that of SD, thus enabling more accurate filling of unseen
portions.

Model Truck  Teatime Figurines = Mean
SD 0.3434 | 0.2317 0.2826 0.2859
Personalized SD | 0.6543 | 0.5842 0.5428 0.5938

C. Ablations

In this section, we isolate the design choices and evaluate
their impacts, including the effect of the Target Replenishment
stage and the necessity of personalizing SD.

Effect of Target Replenishment (TR). We first examine
the effects of the proposed Target Replenishment module, as
shown in Figure 7. It shows the difference between mesh re-
sults w/ and w/o TR module on an example of Tanks&Temples
dataset [62]. Specifically, there are no images taken from above
or showing the interior of the truck’s carriage in the given
dataset views. Without TR, a significant mesh hole would
appear inside the truck, whereas our method can properly
fill the mesh. The significant loss of information in the input
views results in numerous missing parts in the mesh. However,
experimental results show that TR can fill in the missing parts
while keeping the visible parts unchanged.

Effect of Personalizing SD. We now analyze the effect of
personalizing SD to generate inpainting masks in Figure 8. In
the figure, (a) are images of the object rendered from a random
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viewpoint, (b) are masks generated by a standard Stable
Diffusion model, (c) are masks generated by a personalized
Stable Diffusion model, and (d) are inpainted images by mask
(c). It can be observed that the mask generated by the person-
alized Stable Diffusion model covers a larger area and more
accurately identifies the locations of the holes, resulting in a
better-repaired image. To further illustrate its effectiveness, we
conducted a quantitative experiment in Table IV: we selected
several classic target meshes and manually removed one of
their faces. We then compared the inpainting mask coverage
generated by SD with and without personalization. The results
clearly highlight the advantages of personalization.

V. LIMITATIONS

For Target Gaussian Segmentation (TGS), our method relies
on SAM’s initial segmentation and 2DGS for scene recon-
struction, making it challenging to accurately segment and
reconstruct extremely small objects. For Target Replenishment
(TR), errors in diffusion model generation may lead to reduced
performance. Since 2DGS lacks the capability to reconstruct
dynamic scenes, our method cannot handle moving objects.
Future advancements in segmentation models could further
enhance the performance of our approach. Applying our
method to approaches like 4DGS could potentially enable
dynamic object segmentation and optimization.

VI. CONCLUSION

We present OMEGAS: Object Mesh Extraction from Large
Scenes Guided by Gaussian Segmentation. OMEGAS effi-
ciently extracts high-precision meshes of target objects from
multi-view scene images and can reconstruct occluded or
invisible parts of the targets. OMEGAS introduces a novel
Target Gaussian Segmentation technique, which segments the
target Gaussian model from multi-view images using 2D
Gaussian Splatting. Additionally, OMEGAS proposes a Target
Replenishment technique that leverages open-world diffusion
priors to address unseen portions of the target.
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